Abstract
I. Introduction
Many countries face the problem of high costs for disability insurance (DI) benefits due to an increased number of recipients. This has led to reforms aiming to increase the employment rate of (potential) recipients (Burkhauser et al. 2014 , Organisation for Economic Co-operation and Development (OECD) 2010, Bound and Burkhauser 1999) . Basically, there are two ways to achieve this: either the inflows of workers onto DI benefits can be reduced (which seems to be the most common attempt) or the outflows of recipients from DI benefits into employment can be increased (Burkhauser et al. 2014) . As explained by Wittenburg et al. (2013) employment programs for disabled workers must help them to overcome substantial employment barriers: (1.) the loss of human capital due to the disability and the prolonged separation from the workforce; (2.) disincentives arising from the DI system, including the possible loss of entitlement to DI benefits as well as threshold effects resulting from the reduction in benefits in case of earnings increases (see, e.g., Maestas et al. 2013) . The latter aspect is of particular importance for Switzerland (see Bütler et al. 2015) .
The traditional active labor market policy for this target group is vocational rehabilitation (VR), often associated with human capital investments and/or medical aid. The idea is to help disabled people to work (again) in the profession they are trained in, or, if this is no longer possible, to retrain them to give them the qualifications need for new jobs (OECD 2010) .
In contrast to these VR measures, a pilot project was carried out in Switzerland (Zurich canton) during 2009-2013, which did not include any explicit investment in human capital or medical aid, but rather involved placement coaching by a private company specialized in this field. As a result the pilot project was relatively inexpensive compared to training measures. In this paper a microeconometric evaluation as well as a simple cost-benefit analysis of this pilot project will be presented. Two types of propensity score matching estimators combined with difference-indifferences (DiD) are applied. The underlying selection on observables assumption or conditional independence assumption (CIA) may be rationalized by the rich administrative panel dataset used, which covers the employment history of the persons.
Empirical evidence regarding the effectiveness of job placement services for recipients of DI benefits is scarce. Firstly, there are several studies of the effectiveness of VR measures for recipients of DI benefits. Secondly, there are a lot of evaluation studies relating to job search assistance for unemployed (non-disabled) workers in general. Thirdly, there is no previous research on the effects of (intensified) job search assistance for recipients of DI benefits.
Starting with evaluation studies on VR measures, using Propensity Score Matching Frölich et al. (2004) do not find positive effects of participation in such programs compared to non-participation in Sweden. However, their results show that workplace training is superior to the other rehabilitation measures. In contrast to this result, based on a bivariate probit model Heshmati and Engström (2001) find that participation in VR programs in Sweden has positive effects on the health status as well as the rate of return to work. Recently, using several matching and weighting estimators, Campolieti et al. (2014) find that a VR program in Canada improves the labor market outcomes of women, but not men. This study also attempt to provide insights into the costs and benefits of the program. From the perspective of the government, for women the expected benefits (reductions in payments) exceed the costs. Aakvik et al. (2005) evaluate VR programs for female applicants in Norway. They find a negative effect of the training program on employment prospects. The estimated effects are larger for individuals with characteristics that predict lower employment in either the trained or untrained state. However, due to cream-skimming individuals with unfavorable employment prospects are infrequently selected into the measure. For a subgroup of workers with cognitive impairments in the state of Virginia, Dean et al. (2015) are able to evaluate the effects of multiple services of VR using an instrumental variable approach.
1 They find large positive long-run (three to nine years) effects on employment and earnings. Both the shortand long-run mean labor market effects are estimated to be positive for diagnosis and evaluation, training, education and other services, but negative for restoration and maintenance. The mean long-run benefits exceed the mean costs by four to six times. For Norway, Markussen and Røed (2014) evaluate four different VR programs for temporary DI claimants. Based on longitudinal administrative data they use local variations in the policy strategies to estimate the impact of these strategies on the participants' future employment and earnings performance. Overall they estimate positive effects. However, they find that a strategy focusing on rapid placement in the regular labor market is superior to alternative strategies giving higher priority to vocational training or sheltered employment. Summarizing the previous research on the effectiveness of VR for disabled workers, 1 An explanation of the different services is given in Dean et al. (2015) on page 403.
it can be said that these kinds of measures seem to be successful in terms of helping the participants to increase their employment prospects and in terms of reducing government spending.
There is a lot of empirical evidence regarding the effects of job search assistance and coaching for the unemployed in general. However, as summarized, inter alia, by Brown and Koettl (2015) these measures may work not only because of an increase in job search and matching efficiency due to the counseling, but also because they may be associated with "threat effects" for beneficiaries who risk sanctions in the case of a lack of effort in job search. Threat effects did not exist at all in the pilot project in Zurich since sanctions were not a part of the program. This should be kept in mind when looking at the previous empirical evidence. Using a meta-analysis, Card et al. (2010) find that job search assistance programs yield relatively positive effects compared to other measures. Thomsen (2009) reviews studies related to nine European countries and finds that job search assistance programs decrease unemployment duration and increase employment rates.
This is confirmed by a review provided by Brown and Koettl (2015) . They conclude that "measures improving labor market matching" are cost-effective and may have significant short-run effects.
They also conclude that lock-in effects may be minimal, which seems to be important for the understanding of this paper's results. The programs should be targeted at persons with bad employment prospects at the beginning of their unemployment spell and at long-term unemployed persons. Moreover, they find that these programs are most effective during recoveries.
Finally, there is only one empirical study evaluating a program with some similarities to the pilot project in Zurich. Høgelund and Holm (2006) evaluate the effect of case management interviews (CMIs) performed by social caseworkers on the probability of a return to work by disabled employees. Based on instrumental variables and a competing hazard rate model, they find that
CMIs increase the probability of returning to work for the pre-sick leave employer, but has no effect on the probability of commencing work for a new employer. However, as the CMIs are made by the municipal case managers they have all of the VR instruments available that may help the DI benefit recipients. This is definitely not the case in the evaluated pilot project in this paper.
To the best of my knowledge, this paper presents the first econometric evaluation of a placement coaching program for DI beneficiaries. Placement coaching programs may be of special interest for policymakers, as they are relatively inexpensive in comparison to formal training programs (see Brown and Koettl, 2015) . On the one hand, the (almost complete) lack of investment in human capital may hamper the effectiveness of such a program at least in the long-run. On the other hand, it may increase the probability that the benefits of the program (a reduction in DI payments) will exceed these costs. The estimates in this paper point to a successful project in terms of a reduction in DI benefits and an increase in income even in the medium-run (four years after the program start). The cost-benefit analysis indicate that the project was a profitable investment for the social security system: depending on the scenario assumed, the expected mean long-run benefits exceed the mean costs by 1.9 to 6.5 times.
The remainder of the paper is organized as follows: the Swiss DI system is briefly outlined in Section II. Section III describes the pilot project as well as the selection mechanism for it. The former is important for the understanding of possible causal mechanisms for outcome variables as well as the incentives of the private company carrying out the project. The latter is useful for the specification of the propensity score equation. The administrative data used and the sample are described in Section IV. Section V presents the econometric approach (propensity score matching) and its application to the subject of the research. The empirical results on the propensity score, the "match quality" and the estimated effects are shown in Section VI. In Section VII a sensitivity analysis provides information on the robustness of the estimated effects. Section VIII assesses the resulting costs and benefits of the pilot project from the social security system's perspective. The paper concludes with a summary and a discussion of the policy implications.
II. Institutional Background: Swiss DI
The Swiss social security system in general, together with the Swiss DI in particular, is based on a "three pillar system". The first pillar is a state pension plan, including the DI. The second pillar consists of occupational pension plans and accident insurance, which are mandatory for (almost) all employees. The third pillar is employees' private provision, which should complement the first two pillars. The third pillar is also protected by law and is often promoted by tax facilities. The pilot project and all administrative data are related to the first pillar. This implies that information about the second and the third pillars is not available.
The DI, as a part of the first pillar, aims to guarantee the basic needs of insured persons who have become disabled, by paying DI benefits and/or by providing rehabilitation measures. 2 Disability is defined as a decline in the ability to earn a living or in the ability to accomplish of daily tasks, such as housework, resulting from physical, psychological or mental health problems. To qualify as a disability this incapacity must last at least one year. When judging if an inability to earn a living is present it does not matter what the causes of the health depreciation are. Furthermore, there is only an inability to earn a living if one is not able to overcome it for "objective reasons".
Insured persons who have paid contributions for at least three years can claim a DI benefit. The right to a DI benefit begins when the insured person has an average incapacity to work of at least 40% (the so-called disability degree) and after a waiting period of one year following the end of employment for health reasons. The degree of disability corresponds to the percentage loss in earnings relative to the potential earnings without the disability (see Bütler et al., 2015) . There are four different DI benefits entitlement types, depending on the degree of disability. These range from 25% to 100% (Table 1) .
Moreover, Table 1 provides a descriptive statistic on the sample used here. It can be seen that the participants are a positive selection with regard to the degree of disability: the mean DI benefit entitlement of the participants is 72.6%, versus 81.9% in case of the non-participants. Nevertheless, one should keep in mind that more than half (54.6%) of all participants are "full pensioners". That means, their degree of disability is at least 70% and they receive a full (100%) DI benefit. Participants in the year before the individual program start < 40% no benefit 5.8 9.6 40% < 50% 25% benefit 4.4 7.2 50% < 60% 50% benefit 14.9 21.2 60% < 70% 75% benefit 6.3 7.5 70% 100% benefit 68.7 54.6 Average DI benefit entitlement in % 81.9 72.6 Number of obs.
40,710 908
Notes: The descriptive statistics are based on the estimation sample described in Section IV.
III. The Pilot Project and the Selection Mechanism
To implement the pilot project an international private company that focuses on workforce participation was commissioned. The project consisted mainly of placement coaching by individually assigned advisers / coaches. Figure 1 provides an overview of the project. During the entire placement process, the participants received active support in, and practical tips on, their search for suitable jobs. In addition to providing assistance in preparing job applications, the advisers discussed career prospects with the participants, searched for potential positions together with them, and provided them with the materials and postage needed for applications.
Supplementary courses (often lasting for only a few hours) were offered on topics such as selfmanagement or job application techniques, but never in the sense of vocational training. The advisers used publicly available job advertisements. The company did not have its own vacancy database. However, due to the relatively favorable labor market conditions in Zurich, this may be a minor issue. The advisers did not have the possibility of providing any financial incentives, or to sanction their clients for a lack of effort.
The "placement phase" lasted for a maximum of 12 months. Those who dropped out prematurely were given the option of starting the measure again. "Dropout" here means that participants did not show up at appointments with their advisers or that they indicated that they did not want to participate anymore. Hence, some of the dropouts may be individuals who found jobs successfully on their own, but who did not want to cooperate with their advisers anymore. In total, 151 (16.6%) out of 908 participants dropped out. Five (3.3%) of the dropouts restarted the treatment later.
Participants who were successful in finding jobs received follow-up support from the company for up to 12 months in order to stabilize the employment relationship ("follow-up phase"). This support consisted of coaching again. Those individuals who subsequently quit their jobs or were dismissed were not excluded from the measure, but could participate again. The placement company was paid "sustainability bonuses" depending on the length of the employment relationship achieved (26 or 52 weeks). However, the wage had to amount to 50% of the customary wage in the respective industry.
The DI benefits were not reduced until the participants had completed their probationary period in the new job (at the earliest after three months). Note that this is not a special feature of the project, but rather is the regulated process for all DI benefit recipients.
In addition to the sustainability bonuses of CHF 3,000 paid for every participant placed in a new job for a period of 26 weeks (or double that amount for 52 weeks), the amount invested in the pilot project by the DI scheme comprised a lump sum per case of CHF 6,000 and overall set-up costs of CHF 2.28 million. The total cost per participant was CHF 8,819.
In summary, the pilot project was exceptional with respect to three aspects: (1.) it did not include any formal training and/or medical aid; (2.) the coaches/advisors did not have the possibility of providing additional financial incentives or making use of "threat effects"; and (3.) due to the bonuses involved, the company had financial incentives not only to secure the participants in (higher paid) jobs, but also to keep them employed for 52 weeks.
FIGURE 1-FLOWCHART OF THE PILOT PROJECT
Before DI benefit recipients could take part in the pilot project, they had to complete the threestage process depicted in the far-left of Figure 1 and described in the following paragraph. In the first stage, the DI office in Zurich recruited potential participants from the population of almost 50,000 DI benefit recipients in Zurich canton. This means, that they were informed of the possibility of participating and the implications for their entitlement. People aged between 18 and 58 were targeted, the intention being to achieve an age distribution that reflected that of the entire population of DI benefit recipients. The participants needed to exhibit reintegration potential. At the very least, there had to be reasonable grounds for assuming that they could achieve reintegration potential. In addition, those DI benefit recipients were considered who said that their state of health had improved. Insured persons presumed to be incapable of carrying out paid employment were not actively recruited, nor were those who had never worked before. However, in individual cases, the latter were allowed to take part on their own initiative. In this manner, a total of more than 15,000 persons were recruited for the project. This group forms the basis for the sample of the participants as well as the sample of the control group generated by the matching estimators. Put differently, the almost 35,000 DI benefit recipients in Zurich, who were not recruited, are not used as potential controls.
In the second stage, 1,368 people interested in taking part (participation was not mandatory) received a ruling from the Zurich DI office, which means that they got an official document granting permission to participate.
In the third stage, those persons who had received a ruling were invited for a preliminary talk with the placement company. As some of the invitees either did not respond or decided after the preliminary talk not to take part, not every ruling resulted in participation. A total of 947 persons took part in the project between November 2009 and August 2011. For reasons relating to methodology, as explained in the next section, the evaluation is based on 908 participants only.
IV. Data and Sample Selection
The whole analysis is based on administrative data that the Federal Social Insurance Office had gathered from six data registers. For the period 2000-2014 these data include for all DI benefit recipients in the Canton of Zurich information on DI benefits and further wage-replacement payments, diseases, socio-economic characteristics (age, nationality, gender etc.), participations in rehabilitation measures and income. The variables are discussed in greater detail below.
The number of individuals is shown in Table 2 Notes: * Individuals who died until December 2014 and people who transitioned to the old-age pension system are excluded.
The removal of these individuals from the sample is based on the fact that the outcome variables are not observable for old-age pensioners and dead persons. The deletion of dead persons is definitely not a problem with regard to selection bias as long as participation does not affect mortality. In contrast, the removal of those persons who transitioned to the old-age pension system could lead to a positive selection of the sample. However, this is relevant for less than 1% of the treated individuals and since also the corresponding non-participants are dropped, this kind of sample selection bias should be a minor issue. As explained in greater detail below, the applied approach strives for annual accuracy only. The potential control group is based on individuals who were recruited but did not participate (14,878 persons in Table 2 ). Given this approach and after eliminating non-participants with missing data (either outcome or conditioning variables), Table 3 shows the number of participants and potential controls available each year. change in her DI benefit entitlement has a constant price-adjusted benefit over time.
The following conditioning variables are available for the analysis (see Table 6 Three possibly important groups of variables are missing: information on educational background, personality traits, and further income sources (the second and the third "pillar" of the Swiss system). This is an obvious methodological shortcoming of this paper because confounding variables may affect incentives and, hence, the selection into the program, as well as outcome variables. Put differently, the fact that these possibly relevant variables are not observed may lead to selection bias in the estimated effects. The next section will discuss how to deal methodologically with this problem of missing variables. Due to its long time dimension, the dataset seems nevertheless to be relatively comprehensive. This becomes obvious when comparing it to, for example, the well-known dataset used by LaLonde (1986), Dehejia and Wahba (1999, 2002) , Smith and Todd (2005) and others.
V. Econometric Approach

A. Basics
The goal is to estimate the effect of the coaching program on a set of future outcome variables, namely income, DI benefits and supplementary benefits (see Table 4 ). The evaluated treatment is the participation in the measure, irrespective of the "completion" (i.e. including dropouts from the program). The counterfactual is non-participation in the program. The non-participants are defined here as individuals who were selected by the DI office as potential participants (were recruited), but decided not to participate (see Figure 1 and Table 2 ). They had the possibility of participating in another public-provided program. The latter is a reasonable definition since the evaluated treatment is a temporary pilot project, which was additional to the existing VR programs.
In recent years, following Fredriksson and Johansson (2008) as well as Sianesi (2004 Sianesi ( , 2008 ) the static evaluation approach to training measures has been criticized for leading to biased estimates:
if, based on the erroneous assumption that a program is administrated only once, the control group is defined as non-participants who never participate, the researcher conditions on future outcome variables (Biewen et al. 2014) . This is definitely not a problem here: firstly, the pilot project was in fact administered only once. All potential participants were informed before the start of the whole measure. Secondly, there was no excess demand and hence no queue of persons waiting for an opportunity to participate. On contrary, it is was hard to fill all available positions: out of 14,878
informed (recruited) persons, only 947 (6.4%) participated. Thirdly, as the program was rather small in scale, there is a relatively large number of non-participants (approx. 13,500 per year) that can be used as a control group for the 908 participants. Against this background, in my view the standard static approach can be safely applied. That means, that non-participants can be defined as individuals who never participate in that program, but do possibly participate in another traditional VR measure.
In concrete terms, the econometric approach used to estimate the average treatment on the treated (ATT) effect is propensity score matching. Here "psmatch2" implemented in STATA by Leuven and Sianesi (2003) , where (•) is the kernel function and ℎ is the bandwidth parameter. Since it leads to the best results in terms of balancing pre-treatment differences in the outcome variables and the conditioning variables between the treatment and the control group, kernel-based matching using the Epanechnikov kernel is applied here. This kernel has the advantage of attaching a weight of zero to control observations outside the bandwidth (see Galdo et al. 2008 ).
In recent years there has been an increasing insight into optimal bandwidth choice in kernel matching (see, e.g., the discussion in Galdo et al. 2008 and Biewen et al. 2014 ). Silverman's (1986) rule of thumb suggests a bandwidth value of 0.06, which will be used here.
4 Surprisingly, and in contrast to the literature, the estimated ATT effects here are relatively robust to changes in the bandwidth (see Section VII.B).
The standard errors for the estimated ATT effect are obtained by a bootstrapping procedure over both steps (propensity score and matching) with 250 resamples.
Recently, Lechner et al. (2011) propose a distance-weighted radius matching with bias adjustment. Huber et al. (2015) implement this estimator in STATA with the command "radiusmatch". Here, this new approach is applied as a kind of sensitivity analysis, in addition to the kernel-based matching estimator. The basic idea is "caliper matching", extended with a biasadjustment based on linear regressions. Huber et al. (2015) find that including the most important covariates (on top of the propensity score) in the matching algorithm (via the Mahalanobis metric) leads to better results in terms of decreasing the selection bias. Here the variables gender, year of the treatment (2009, 2010, 2011) and DI benefit entitlement in % before the treatment are included.
This guarantees that controls must have the same gender and the same DI benefit entitlement in % as their corresponding treated individuals. Furthermore, control observations come from the same calendar year as treated persons. With respect to the tuning parameters discussed in Huber et al. (2015) , the default values of the STATA command are chosen. Due to the computing time it is not feasible here to bootstrap the standard errors and therefore inference must be based on analytical standard errors, disregarding the fact the propensity score is estimated.
In order to eliminate the possible bias due to selection on unobservables, the matching procedure is extended by difference-in-differences (DiD) (Heckman et al. 1998b ). With DiD the ATT effect is estimated as = , with = { + 1, + 2, + 3, + 4} and being the year of the individual program start (2009, 2010 or 2011) . In contrast to the calculation of the ATT effect as difference in post-program "levels" of outcome variables ( 1 − 0 ), the ATT effect is now calculated as the differences of changes of 1 and 0 over time. For the example of the ATT effect in + 1, this means for the treatment group
( 1, +1 − 1, −1 ) and for the control group ( 0, +1 − 0, −1 ). Smith and Todd (2015) find that DiD matching estimators exhibit better performance than cross-sectional matching estimators, because time-constant (selection) biases are differenced out by this method. This may be helpful here, since no information on educational background, personality traits, and further income sources (the second and the third "pillars" of the Swiss system) are available. Caliendo et al. (2014) find that conditioning on individuals' labor market histories in administrative datasets may help to reduce the bias from unobserved variables such as personality traits, attitudes, expectations, and job search behavior (see also Lechner and Wunsch 2013) . With regard to these variables, risk attitude may be especially relevant here: if a DI benefit recipient takes up a sufficiently well-paid job she may lose her entitlement to DI completely. This implies that this person must go through the whole application process again if she becomes unable to earn a living again in the future.
However, DiD and conditioning on pre-treatment outcome varwiables in general require that there are no "anticipatory effects". For example, an anticipatory effect may mean that future participants in retraining measures for unemployed workers reduce their search effort before the start of the treatment because unemployment is an eligibility criterion for participation . Hence, the outcome before the treatment 1, −1 would be affected by the treatment and the DiD estimator would be biased. Below it will be argued that anticipatory effects are unlikely here. Sensitivity analyses on the potential bias due to selection on unobservables / confounders are presented in Section VII.A.
B. Application of Propensity Score Matching to the Evaluation Problem Here
Due to issues relating to data availability all matching procedures are based on two samples. The As mentioned in the previous section, the propensity score is estimated by a probit model. This is done separately for the two samples. The specification with regard to the conditioning variables does not follow theoretical arguments (Imbens 2015) , but it is based on the following considerations. On the one hand, it seems plausible to include all available variables, including the pre-treatment outcome variables, in the conditioning set since all variables are potential determinants for outcome as well as selection into treatment. The pre-treatment outcome variables may serve as proxies for missing variables. For example, the previous income is likely to be highly correlated with the (unobserved) educational background. The literature also suggests higher order terms of variables and/or interaction terms of variables could be included in order to achieve a "balanced" control group with respect to (Dehejia and Wahba 1999, Dehejia 2005) . Moreover, as panel data are available it is possible to include lagged values of time-varying (including ) up to − 9. On the other hand, multicollinearity problems and a possible increased variance of the estimates or even inconsistent estimates due to "too many" covariates in the probit model suggest a parsimonious specification (see Caliendo and Kopeinig 2008 , Millimet and Tchernis 2009 , Austin 2011 , Imbens 2015 .
Against this background the search for an "optimal" specification of the propensity score equation is guided by the following two criteria. Firstly, those specifications are preferred which balance pre-treatment outcome variables up to − 7. For this criterion the so-called "pre-program test" (Heckman and Hotz 1989 ) is shown in Section VI.B.1 for the preferred specification.
Secondly, the propensity score matching should balance the other pre-treatment conditioning variables in . Based on these criteria the preferred specification of the propensity score probit is found. In particular, age is the only variable that is included squared. For some pre-treatment outcome variables (monthly main DI benefits, incomes) and further conditioning variables lagged values up to − 3 are included. Variables are included even when they do not have a statistically significant effect in the probit. The results of the propensity score estimate will be presented in the next section.
As explained in the previous Section V.A, the inclusion of lagged outcome variables and the DiD estimator are based on the assumption that there are no "anticipatory effects". This assumption seems plausible here because the (potential) participants had no incentive to change their behavior prior to the start of the measure. No direct financial advantage or disadvantage arise from the participation. Also, the empirical data in Section VI.B.1 do not show a "dip" in − 1 or − 2 (Ashenfelter 1978; . Given this, it seems valid to condition on pretreatment outcome variables and to apply DiD.
Another issue is how to deal with "time" in terms of the individual starting year, = {2009, 2010, 2011}, of the measure. There are three possible approaches, as set out in the following paragraphs.
(
1.) Strictly define that controls must have the same as their corresponding treated individuals.
This approach seems necessary if the reemployment opportunities of the DI benefit recipients change over time. In international comparison, the labor market conditions in Zurich are excellent.
From 2009 to 2014 there were some variations in the overall unemployment rate in Zurich.
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However, it is unclear whether and to what extent this is relevant for the DI benefit recipients. In case of radius matching, the starting year, , is included into the Mahalanobis distance (in addition to the propensity score). With this approach it is (almost) guaranteed that the strict definition is fulfilled. A potential drawback of this strict definition is the resulting reduction in the number of potential controls to 13,570 per year (Table 3) .
(2) Ignore and allow that all 40,710 non-participants are potential controls. This would be a valid approach if changes in the labor market situation over time were not relevant.
(3) Define the year as a "weak restriction" in the sense that it is only included in the explanatory variables of the propensity score. Hence, is one conditioning variable, alongside others included in . This is the approach chosen here for the kernel-based matching since it leads to the best results in terms of balancing the other covariates and the pre-treatment outcome variables. However, it comes with the cost that is not identical for all treated and corresponding controls.
Without changing anything explained above, matching is here not on the propensity score, but on the underlying linear index (see, e.g., Lechner 2008) . After the estimation and prediction of the propensity score the common support condition is examined. For every participant it is checked whether the estimated propensity score (linear index) is overlapped by the estimated propensity scores of untreated individuals. The estimation of ATT effects by kernel-based and radius matching and the estimation of the corresponding standard errors was described in the previous subsection. After the estimation of the propensity score the common support condition is analyzed. A graphical representation for both samples can be found in Figure A1 in the Appendix. This phenomenon is generated by the two starting years. 6 Again the treated observations seem to be overlapped. However, support is not given for one treated person (its propensity score is higher than the maximum propensity score of the untreated sample) and thus the estimates are based on 578 treated individuals only.
VI. Empirical Results
A. Propensity Score
B. Match-Quality
Balancing of Covariates
Balancing tests are based on the property  |( ): after matching on the propensity score (and possibly further conditioning variables) the treatment status, , should be independent from the conditioning variables, . Put differently, there should not be significant differences between treated and controls with respect to the conditioning variables, . There is not one sole balancing test. Different approaches have been proposed. Lee (2013) provides an overview. Some of the procedures implemented by Leuven and Sianesi (2003) in the STATA command "pstest" are applied here. Table 6 shows a detailed analysis separately by every covariate included in the propensity score.
To keep it simple the detailed results are presented for kernel-based matching only. The corresponding results for radius matching can be found in Table A1 in the Appendix. Table 6 slightly increase. However, the differences are still statistically insignificant. With regard to the standardized differences in the matched samples the question arises whether they are "small enough". Rosenbaum and Rubin (1985) designate a standardized difference of greater than 20% as large. Caliendo and Kopeinig (2008) argue that in most empirical studies standardized differences below 3% or 5% are seen as sufficient. Here, all standardized differences are considerably smaller than 20%, and most are even smaller than 3%.
Finally, Table 6 shows a measure proposed by Rubin (2001) . The ratio of the variance of the residuals orthogonal to the linear index of the propensity score in the treated group over the untreated group is calculated for each variable. If a variable is perfectly "balanced" this variance ratio is 1.0. Again, it can be seen that the measure is close to 1.0 for all variables in the matched samples. Moreover, for almost all variables the variance ratio closer to 1.0 in the matched sample than in the unmatched sample.
The next step is to look at summary measures of the overall (im)balance of all conditioning variables. These are shown in Table 7 for kernel-based matching as well as for radius matching.
The Pseudo-R 2 is from a probit estimate of the propensity score equation in the unmatched and the matched samples. The fact that the Pseudo-R 2 is near zero in the matched samples indicates that after matching the conditioning variables no longer have any predictive power for the participation.
This is a further indication that differences between treated and control individuals are balanced.
The p-value of the likelihood ratio test of the joint significance of all explanatory variables in the probit model points in the same direction. The following two columns in Table 7 show the mean and median of the absolute value of standardized differences of all variables. For example, due to the kernel-based matching procedure the mean standardized difference is reduced from 14.1 to 1.3
for the period 2009-2011. In both of the final columns of Table 7 given for both matching estimators. Rubin's R is the ratio of treated to (matched) untreated variances of the propensity score index. This latter measure should be between 0.5 and 2. This is again the case in the matched samples of both matching estimators.
Given these analyses, one can conclude that both matching estimators are able to balance the pretreatment differences between the treated and the control group. Hence, the specification of the propensity score equation seems sufficient in the sense that no additional polynomial terms or interactions of variables are needed.
However, important for the following analyses is the result that the kernel-based matching estimator performs better than the radius matching estimator in terms of balancing the conditioning variables. This is true for all summary measures in Table 7 as well as in the histogram of the standardized differences in Figure 2 . For this reason, the kernel-based matching estimates are seen as the "preferred specification". The results of the radius matching estimator are interpreted as robustness checks. (Rosenbaum and Rubin, 1985) . Ratio of the variance of the residuals orthogonal to the linear index of the propensity score in the treated group over the non-treated group (Rubin, 2001 ). * if "of concern", i.e. variance ratio in [0.5, 0.8) or (1.25, 2]; ** if "bad", i.e. variance ratio <0.5 or >2. 
Pre-Program Outcome Variable
The "pre-program test" proposed by Heckman and Hotz (1989) is based on the consideration that if no selection bias remains there should be no significant differences between the mean outcome variables of treated individuals and the control individuals before the individual start of the participation. Put differently, the ATT effects before the treatment should be zero.
The following analyses are shown for the kernel-based matching estimator only, which is defined here as the "preferred specification" (see previous subsection). persons it becomes obvious that the treated group receives on average lower benefits. When comparing the treated with the control group after matching before the start of the program (-7 to -1) no statistically significant differences between treated and controls remain. Hence, the outcome variable monthly DI benefit passes the "pre-program test". The same is true when looking at total DI benefit (main + child benefit) in the top right graph in Figure 3 . Furthermore, both graphs in the top row already indicate that the program is effective with respect to the reduction of DI benefits: while after the start of the program (+1, +2…) the benefits of the control group stay almost constant, there is a significant reduction in the treated group. The other graphs in Figure 3 indicate why the program seems to be effective: the bottom left graph shows the participation in the program increases income from paid employment, while the income of the control group is constant or may even decrease. The graphs in the middle indicate that this increase in earnings reduces the number of recipients as well as DI benefit entitlement in %.
In the next subsection the ATT effects, which means, the differences between the treated and the control group in the years after the individual starting year, are analyzed in greater detail.
Notes: All variables are prices adjusted to the base year 2009. Persons with no DI benefits are included with a benefit of zero. Also persons with no income from paid employment or supplementary benefit are included with a value of zero. See Table 4 for definition of the outcome variables. Table 8 presents the estimated ATT-effects on DI benefits and supplementary benefits. The effects are estimated by kernel-based matching ("kernel") as well as radius-matching with bias adjustment ("radius"). For kernel-based matching both the ATT effects estimated in levels and the ATT effects estimated as DiD are shown. The standard errors of the kernel-based matching results are bootstrapped (250 replications). Table 9 presents the corresponding ATT effects on income variables. As explained in Section IV income is observed only up to 2013 and hence ATT effects cannot be estimated for + 4.
C. Estimated ATT-Effects
The results of the three methods differ only slightly, which may be an indication of robustness.
Focusing on the "kernel, DiD" estimates, one may draw the following conclusions: all the findings indicate that, on average, the program is effective for the participants in that the DI amounts paid to them are lowered by raising their levels of paid employment. Compared with the control group, the proportion of DI recipients among the participants is 3.4 percentage points lower in the second year after individual starting year ( + 2), 4.9 percentage point in + 3 and 7.8 percentage points in + 3 (Table 8 ). In the group of participants in + 2, the proportion of persons earning income from paid employment is 13 percentage points higher than in the control group. As a result, the average annual income from paid employment in + 2 is CHF 2,750 higher, corresponding to a relative increase of approximately 37%. 7 In + 3 the ATT effect on income is CHF 3,975 (approx. +56%). The amount of the monthly main DI benefit is reduced by 3.8% in + 1 compared with the control group and by 11% in + 4, i.e. by a monthly amount of CHF 51 in + 1 and CHF 146 in + 4. This equates to annualized amounts of CHF 612 and CHF 1,752, respectively. For the monthly total DI benefit the decreases are CHF 63 in + 1 and CHF 176 in + 4, which leads to annualized amounts of CHF 756 and CHF 2,112.
At least until + 4 it can be seen that the favorable ATT effects are not only temporary. For example, the ATT effect on the DI benefit entitlement in % increases from -2.9 percentage points in + 1 to -8.3 percentage points in + 4. The monthly supplementary benefits are reduced by CHF 71 (=12%) in + 1 up to 125 (=19%) in + 4. Notes: * p < 0.10, ** p < 0.05, *** p < 0.01. See Table 4 for definitions of the outcome variables. Notes: * p < 0.10, ** p < 0.05, *** p < 0.01. See Table 4 for definitions of the outcome variables.
VII. Sensitivity Analysis
A. Unobserved Confounders
Since the analysis is based on the selection on observables assumption / CIA, the question arises whether and under which conditions unobserved variables may significantly change the estimated ATT effects. 8 Possible candidates are variables relating to second and third pillar of the social security system (see Section II), educational background and personality traits.
For this purpose, the simulation-based sensitivity analysis proposed by Ichino et al. (2008) and implemented by Nannicini (2007) in STATA is used to check the robustness of the results with respect to possible deviations from the CIA. The idea is to simulate a potential binary confounding variable, (an unobserved dummy variable which is not included in observed conditioning variables ), using different distributional assumptions, and to check whether the inclusion of this variable affects the estimated ATT-effect (see Boockmann and Hagen 2008) .
For a binary treatment, , and a binary outcome, , the distribution of the binary variable, , is characterized by four parameters:
with , ∈ {0,1} and the assumption of conditional independence of with respect to . Given these parameters, for each person a particular value of is drawn and included in the estimation of the propensity score and the calculation of the ATT effect. This procedure is repeated many times and the estimated ATT effects of each draw are averaged. The resulting "averaged simulated ATT effect" is an estimate of the ATT effect which is robust to the inclusion of the unobserved variable characterized by the distributional assumption in (Boockmann and Hagen 2008) . In order to simulate realistic and relevant confounding variables, Ichino et al. (2008) propose to choose the parameters such that the distribution of is similar to the distribution of existing binary covariates in the condition set . If the problem is overestimation of the ATT effect, the interesting potential confounders are those that have either a positive or a negative effect both on the untreated outcome and selection into treatment. For underestimation, the relevant case is that the effect on the outcome is positive (negative) and the selection effect is negative (positive). In order to reveal the kind of failure of the CIA implied by the simulated confounder , the estimated effect of on the selection into treatment (selection effect) and the estimated effect of on the outcome of untreated subjects (outcome effect) are computed as odds ratios (see Ichino et al. 2008 ).
This enables the researcher to assess how strong selection and outcome effects must be to exert a sizable impact on the ATT effect.
Since the simulation-based sensitivity analysis is constructed for binary outcome variables and since it requires a lot of computing time (several weeks) the analysis is restricted to the binary outcome variable DI benefit (yes) in + 3, as an example. We set the number of iterations (repetitions for the procedure) to 250. Again due to the computing time, it is not possible to bootstrap the standard errors and hence no standard errors are reported. The simulation is based on the kernel-based matching, i.e., the preferred specification found in Section V.B.
The first row of Table 10 shows the baseline estimate (-4.0 percentage point) without any confounders, which corresponds to the results in Table 8 (row "DI benefit (yes) in %", "Kernel, Levels" and column + 3). The second row shows ATT effects with a neutral confounder, such that the average effect on the untreated outcome and on selection is zero. The other rows show the simulated ATT effects if the distribution of resembles the distribution of important binary variables contained in . The deviations from the ATT effect of -4.0 are very small. All in all, the results of the matching estimator seem to be robust against the failure of the CIA due to neglected unobserved determinants of outcome and selection, although it should be kept in mind, that it was not possible to compute standard errors and that the whole sensitivity analysis presents in this section was carried out only in an exemplary manner for one outcome variable and with some of the conditioning variables. 
B. Bandwidth Choice
The bandwidth choice does not seem to be very important here. This is shown for the example of the outcome variable monthly total DI benefit in CHF (main + child's benefit) estimated by kernel-based matching combined with DiD. The results are presented in Table 11 , where for different bandwidths the ATT effects as well as summary measures for the match quality are shown. Two conclusions can be drawn from this overview: (1.) with respect to the summary measures for the match quality a bandwidth of 0.06 (suggested by Silverman's rule of thumb) seems to be a "good choice". However, a bandwidth of 0.1 does not to seem worse. (2.) the differences in the estimated ATT effects are very small. Part of the differences may by be driven by treated persons being of "off support" in case of the smaller bandwidth (0.01).
Hence, the estimated ATT effects are not very sensitive with regard to the choice of the bandwidth in the case of the kernel-based matching.
C. Common Support Condition
In Section VI the common support condition is imposed before matching by dropping treated individuals whose propensity score is higher than the maximum than the propensity score of the potential controls. 9 However, Figure A1 in the Appendix indicates that the number of potential controls may be rather low in the upper tails of the density. Hence, an alternative method of imposing common support is used here: a certain proportion of the treated individuals for which the propensity score density of the untreated observations is the lowest is dropped. Table 12 shows the results for dropping 1%, 2%, 5% and 10% of treated individuals for ATT effect on monthly total DI benefit and corresponding summary measures of the match quality. The obvious problem with this approach is that the sample of treated persons becomes smaller and smaller. This implies that, if the treatment effect is heterogeneous inside and outside the support, the estimated ATT effects also change with the sample of treated persons (Lechner 2008) . Hence, it is unclear whether changing ATT effects indicate a problem with the common support or simply heterogeneity of the treatment effects. On the other hand, if the ATT effects do not change much, this is an indication that the results are robust with respect to the way the common support is imposed.
Looking at Table 12 and comparing it with the "preferred specification" (bandwidth 0.06) in Table 11 the following insights can be gained: (1.) the indicators for the match quality improve only slightly and this is not unambiguous; (2.) the results change only a little and not systematically with respect to the amount of trimming. Summarizing, one can conclude that a substantial bias from a lack of common support is unlikely. 
VIII. Assessment of Costs and Benefits
Based on the estimated ATT effects, this section will present a simple cost-benefit analysis from the Swiss social security system's perspective. Due to the inherent uncertainty an analysis like this can be a rough guideline only. The question is whether the pilot project was an advantageous investment for the social security system. This will be the case if the initial expenditures of around CHF 8,819 (= EUR 8038 or USD 8,970) 10 per participant were overcompensated by a future (discounted) reduction in DI benefits. Due to the limited scale and temporary nature of the measure, general equilibrium and macroeconomic effects can be neglected in the analysis.
Any assessment of future reductions in payments must be based on arbitrary assumptions since the empirical estimates of the ATT effects are only available for the first four years after the individual start of the program. Moreover, estimated ATT effects for + 4 are based on a reduced number of participants (578 instead of 908). However, the entire period until the start of old-age pension is of relevance in this context. Given the participants' average age of 45, that amounts to a 20-year period. It is necessary to apply two assumptions already mentioned in Section IV: (1.) the treatment does not affect mortality; (2.) the treatment does not affect the retirement age. While the former assumption seems reasonable, the second assumption is problematic. However, since it is not possible to estimate the effect of the treatment on the retirement age there is no alternative to applying this assumption.
Various scenarios are applied in order to determine what effects the treatment would have on total DI benefits over the period until the participants reached pensionable age. The scenarios can be distinguished on the basis of whether they examine the permanent (lasting) ATT effects or only temporary ATT effects (over some years). Figure 4 provides a graphical representation of these scenarios.
 S1 is the most optimistic scenario: the ATT effect in + 1 equals the estimates in Table 8 .
From + 5 until old-age pension the ATT effects are constant at the level of the weighted average of the periods + 2, + 3 and + 4, with the weights depending on the number of the participants (908, 908, 578).
 S2: the ATT effects are from + 1 to + 4 according to the estimates in Table 8 . From + 5 until old-age pension the ATT effects are constant at the level of the period + 2.
 S3: the ATT effects are in + 1 to + 3 according the estimates in Table 8 . From + 4 to + 10 they are at the level of period + 3. From + 11 on the ATT effects are assumed to be zero.
 S4 is the most pessimistic scenario: the ATT effect is at its maximum in + 4 according to the estimates (Table 8 ). The ATT effect of + 5 is set to the value of + 3; the ATT effect of + 6 is set to the value of + 2, and the ATT effect of + 7 is set to + 1. From + 8 the effects are assumed to be zero. Hence, the effectiveness is assumed to be temporary for seven years.
Notes: + 1 corresponds to the 46 th year of life. The first four years (46., 47., 48., 49.) correspond to the kernel-based DiD matching estimates of the ATT effect in Table 8 .
FIGURE 4-GRAPHICAL REPRESENTATION OF THE SCENARIOS ASSUMED FOR THE COST BENEFIT ANALYSIS
Furthermore, since the ATT effects on total taxable income 11 are estimated, it is possible to calculate the additional social security contributions resulting from higher income. The total 11 contribution rate, which is assumed be constant in the future, is 12.5%. 12 However, due to issues involving data availability, as described in Section IV, the ATT effects are only estimated up to + 3. Hence, the scenarios described above have to be adjusted. 13 While it is possible to estimate the effects on social security contribution, this is not possible with regard to income tax (or other taxes), because not all necessary information (such as further incomes) is available. Working with price-adjusted (real) outcome variables implies that real interest rates have to be used for discounting future payments in the cost-benefit analysis. Choosing a (real) discount rate is the next arbitrary assumption. Historical data on the bank lending rate minus inflation measured by the GDP deflator provided by the World Bank (2015) indicate for Switzerland an average of 12 This number is the sum of the contribution rates of the AHV (8.4%), IV (1.4%), EO (0.5%), and the ALV (2.2%). Source: Federal Social
Insurance Office (FISO), Switzerland 13 S1: the ATT effects are from + 4 until old-age pension constant at the level of weighted average of the periods + 2 and + 3, with the weights depending on the number of the participants. S2: the ATT effects are from + 4 until old-age pension constant at the level of the period + 2. S3: the ATT effects are in + 1 to + 2 according the estimates. From + 3 to + 10 they are at the level of period + 2. From + 11 on the ATT effects are assumed to be zero. S4: the ATT effect of + 4 is set to the value of + 2 and the ATT effect of + 5 is set to the value of + 1. From + 6 the ATT effects are assumed to be zero.
2.8% for the period 1981 to 2014. However, this may not be the appropriate discount rate for government programs. At present (March 2016), the (nominal) returns on Swiss government bonds are extremely low and even negative for some maturities. Furthermore, historical data may not provide any information regarding future real interest rates. Given the low returns on Swiss bonds and the discussion of "secular stagnation" (Baldwin and Teulings 2014) , 3.0% seems to be a reasonable upper bound for the average real interest rate for a 20-year time period commencing from the program. For the four scenarios introduced above and for three different real interest rates ( = 1.0%, 2.0%, 3.0%) the current values of the expected future reductions in DI benefits and supplementary benefits as well as the current value of expected future additional social security contribution are calculated. Table 13 shows the results, which are rounded to CHF 100 in order to avoid spurious accuracy.
Comparing the social security system's investment of CHF 8,819 per participant with the current values of expected reductions in DI benefits and supplementary benefits, it becomes obvious that the pilot project led to a net benefit for the social security system. This is even more clearly the case, when adding together all three positions (DI benefit, supplementary benefits, social security contributions). Based on this, the expected net benefit of the social security system is between CHF 8,000 and CHF 48,300 per participant.
IX. Summary and Conclusions
During 2009-2013 a pilot project was carried out in Zurich which aimed to increase the income of DI benefit recipients in order to reduce their entitlement to DI benefits. The project consisted of placement coaching carried out by a private company that specializes in this field. The project was additional to the already existing "traditional" VR programs. However, it was exceptional with respect to three aspects: (1.) it did not include any formal training and/or medical aid; (2.) the coaches did not have the possibility of providing additional financial incentives or making use of "threat effects"; and (3.) due to performance bonuses, the company not only had incentives to bring the participants in (higher paid) work, but also to keep them there for 52 weeks. This paper estimates the medium-run effects of the pilot project and assesses the net benefit from the Swiss social security system. For this purpose a rich administrative panel data set is analyzed.
However, three possibly important groups of variables are missing: information on educational background, personality traits, and further income sources. All three may affect the outcome as well as selection into the treatment. In order to address the possibly resulting problem of confounders / selection on unobservables a difference-in-differences approach is applied in addition to matching. Moreover, the sensitivity of the results with regard to this problem is simulated. For the balancing of observable variables kernel-based matching on the propensity score as well as radius matching with bias adjustment and additional variables in the Mahalanobis distance are applied. In terms of "balancing tests" kernel-based matching outperforms the radius matching estimator. The estimated treatment effects do not differ significantly with the method.
All the estimation results indicate that, on average, the project war effective for the participants in that the DI benefit amounts paid to them could be lowered by raising their levels of paid employment and income. The DI benefits can be reduced by about 10%. Up to four years after the starting year there is no indication that this positive effect is only temporary. Based on different scenarios and different discount rates, the current value of future reductions in benefit payments and additional social security contributions is calculated. The expected mean long-run benefits exceed the mean costs by 1.9 to 6.5 times. Subtracting the costs of the project, the expected net benefit of the social security system is between CHF 8,000 (= EUR 7,290 or USD 8,136) and CHF 48,300 (=EUR 44,016 or USD 49,121) per participant.
14 How can these favorable results be explained? First of all, one should note, that in general job search assistance programs have been found to be relatively effective (see Section I). One explanation for this effectiveness and for the results of this paper is the absence of lock-in effect, which often hampers the effectiveness of training programs (Brown and Koettl, 2015) . This is especially true for the coaching program evaluated here. Figure 3 in Section VI.B.2 indicates that the counterfactual outcomes are almost constant after the start of the treatment. Hence, if the participants did not participate, they would not be able to improve their employment situation, although they could participate in traditional VR measures. Moreover, the findings of this paper are in line with previous studies on active labor market policies for disabled workers. The majority of evaluations show positive employment and earnings effects. Markussen and Røed (2014) find that a strategy focusing on rapid placement in the regular labor market is superior to vocational training or sheltered employment.
Given the fact that many participants had massive health problems and that they had received DI benefits for many years before starting the program, the conclusion that a pure placement coaching program is effective is remarkable. An interesting policy implication is, that under favorable labor market conditions it is possible to enhance the employment prospects of disabled persons with a relatively inexpensive intervention that does not include any explicit investments in human capital, financial incentives or threat effects. Notes: See Table 6 .
Appendix
